Background and Aims Longitudinal electronic health record (EHR) data offer a large-scale, untapped source of pheno-
INTRODUCTION
Alcohol use disorder (AUD) is a complex trait that is approximately 50% heritable [1] . However, with the exception of genetic variants in ADH1B, few variants contributing to the risk of the disorder have been identified. The relatively small sample size of most published genome-wide association studies (GWASs) of AUD has provided limited statistical power to identify the many variants of small effect that probably contribute to the disorder. Linkage and candidate gene studies, and more recently GWASs, have consistently identified risk loci at the genes encoding several of the alcohol-metabolizing enzymes [2] . In a discovery and replication sample of 16 087 subjects [3] , we confirmed previously identified risk loci mapped to the alcohol-metabolizing enzyme genes ADH1B in African Americans (AAs; Arg369Cys or rs2066702, P = 6.33 × 10
À17
) and European Americans (EAs; Arg48His or rs1229984, P = 1.17 × 10
À31
) and identified numerous novel additional associations across the ADH region on chromosome 4. Despite the presence of AUD risk loci in the ADH gene region and elsewhere, these account for only a small percentage of the estimated heritability of the disorder. Large-scale studies [e.g. those using electronic health records (EHRs)] could identify additional risk loci, but they require a valid, widely available and generalizable phenotype.
Many studies have used International Classification of Disease (ICD) diagnostic codes as phenotypes for harmful alcohol use, although these designations may be insensitive or non-specific [4, 5] . The Alcohol Use Disorders Identification Test-Consumption (AUDIT-C), a three-item self-reported measure of the quantity and frequency of alcohol consumption, is a practical, valid screening test for harmful drinking and risk of a current AUD [6] . Since 2007, the AUDIT-C has been a required annual screening test in primary care in the US Department of Veterans Affairs (VA) and is widely applicable to other medical settings.
A recent GWAS was conducted using the full 10-item AUDIT in 20 328 EA research participants from 23andMe [7] . Although this was the largest study to date using the AUDIT as a phenotype for GWAS, it was restricted to a single AUDIT measure and included no AAs. The lack of genome-wide significant results in this study may have resulted from the generally low AUDIT scores in the relatively high socio-economic status sample, the use of a single measure rather than a longitudinal phenotype and lack of data for the key variant, ADH1B*rs1229984, which was filtered out of that sample due to problems with genotyping and imputation (Abraham A. Palmer, personal communication, 29 November 2017) .
We previously developed and validated a longitudinal phenotype for harmful alcohol use using statistical trajectories of AUDIT-C [8] . In a sample of 1851 Veterans with or without HIV infection, we compared longitudinal AUDIT-C metrics on the magnitude of association with phosphatidylethanol (PEth), a direct alcohol biomarker measured in blood. In a subsample of AAs, we also used the frequency of the minor allele rs2066702, a single nucleotide polymorphism in ADH1B, which encodes the enzyme alcohol dehydrogenase 1B as a criterion measure. AUDIT-C trajectories were associated more strongly with both PEth and rs2066702 than either the highest AUDIT-C score or the score closest in time to the PEth blood draw. These findings demonstrated the value of a longitudinal measure to characterize alcohol use, as it is collected typically in general medical settings.
Although the prior study [8] was an important initial effort, it was limited to a small sample of AA Veterans with HIV infection and demographically similar uninfected controls. That study did not consider the age-adjusted mean AUDIT-C score, a simpler and more generalizable metric, nor did it evaluate the ADH1B polymorphism seen more commonly in EAs (rs1229984). Herein, we report the strength of association between the ADH1B polymorphisms-rs2066702 in AAs and rs1229984 in EAs-with previously validated AUDIT-C trajectories in the larger, more generalizable Million Veteran Program (MVP) sample [9] . We also compared these associations to those using age-adjusted mean AUDIT-C score. Because ICD codes are used increasingly for phenome-wide association studies (PheWASs) [10] [11] [12] [13] , we also compared AUDIT-C metrics to ICD codes for AUD. The goal of these comparisons was to use longitudinal EHR data to determine the most informative phenotype for efforts at gene finding for harmful drinking.
METHODS

Design
Using longitudinal EHR data linked to genome-wide association study (GWAS) data in the Million Veteran Program, we used two population-specific missense single nucleotide polymorphisms (SNPs) in ADH1B as criterion measures to determine whether longitudinal trajectories of AUDIT-C, age-adjusted mean AUDIT-C or administrative codes for AUD provided the best phenotype for genetic discovery. We also considered whether additional information was gained by combining metrics.
Participants
The MVP has been described in detail elsewhere [9] . Briefly, it is an observational cohort study and mega-biobank supported by the VA. Data are collected from participants using questionnaires, the VA EHR and a blood sample for genomic and other testing. We used AUDIT-C data collected from 1 October 2007 (when first available from EHR extracts) to 1 May 2017 and life-time ICD diagnostic codes for AUD.
Measures
AUDIT-C
The stem asks about any alcohol consumption over the past year. The three questions are: (1) how often do you have a drink containing alcohol; (2) how many standard drinks containing alcohol do you have on a typical day; and (3) how often do you have six or more drinks on one occasion? Responses to each question are assigned 0-4 points, yielding a total score of 0-12. AUDIT-C screening thresholds that maximize sensitivity and specificity for detecting harmful alcohol use are ≥ 4 in men and ≥ 3 in women, with alcohol-related harm in both sexes increasing as AUDIT-C scores increase [14, 15] .
ICD diagnostic codes for alcohol use disorder (AUD)
We used ICD-9/10 codes to identify subjects diagnosed with AUD (either alcohol abuse or dependence) codes. The codes are based on the work of Piette et al. [16] and are included in the on-line Supporting information. Participants were considered to have a diagnosis of AUD if they had at least one in-patient or two out-patient alcoholrelated ICD-9 or ICD-10 codes (Table S1 ). This requirement has been shown to improve the specificity of ICD codes compared to chart review [17] . Of note, we chose not to include codes consistent with alcohol-related conditions (e.g. alcoholic cirrhosis), as we wanted to create a phenotype of drinking behavior, not its complications, to which different genetic variants may contribute.
Criterion standard
Variation in ADH1B is the best-supported molecular genetic risk factor for harmful alcohol use among both EAs and AAs [18] . The minor allele (369Cys) of the ADH1B single nucleotide polymorphism (SNP) rs2066702 is associated with a reduced risk of AUD in AAs [3] , whereas the minor allele (48His) of rs1229984 is associated with a reduced risk of AUD in EAs [3] .
Quality control
We limited analyses to the two largest population groupsEAs and AAs-to provide adequate statistical power. We removed related individuals (closer than second-degree) and those with evidence of admixture or divergent ancestry, discordant or missing sex, missing age, genomewide heterozygosity rates more than 3 standard deviations above the mean and individuals aged younger than 22 years or older than 90 years.
To avoid confounding the analysis of the relations between the functional variant in each population and AUDIT-C scores, we removed individuals with the ADH1B minor allele that is uncommon in that ancestry group (i.e. 449 EAs with the minor allele of rs2066702 and 1457 AAs with the minor allele of rs1229984). That is, an AA with the minor allele of rs1229984 could be protected from heavy drinking (as would an EA who is more likely to carry that allele).
Because trajectory analysis, one of the analytical methods used herein, requires repeated measures, we included only individuals with two or more AUDIT-C scores obtained at different ages. This approach yielded an analytical sample of 167 721 participants (57 677 AAs and 110 044 EAs). The sample was predominantly male (92%), with a mean age of 63 years at sampling and a median of seven AUDIT-C scores per subject (25th and 75th quartiles = 5 and 8).
ADH1B genotypes were obtained from the MVP GWAS, which used a custom Affymetrix Axiom Biobank Array, with 686 693 markers. The custom array is enriched for exomic SNPs, has SNPs validated for medical and psychiatric traits and was augmented with biomarkers of specific interest to the VA population -including enrichment for African American and Hispanic ancestry markers and validated markers for common diseases [9] . The standardized Affymetrix best practice workflow was used to produce genotype data [19] . Both rs2066702 and rs1229984 were genotyped directly on the array. For rs2066702 (Arg369Cys), the major (C) allele encodes an arginine and the minor (T) allele encodes a cysteine. For rs1229984 (Arg48His), the major (G) allele encodes an arginine and the minor (A) allele encodes a histidine. The genotype distribution for rs1229984 in EAs was consistent with Hardy-Weinberg equilibrium expectations (HWEE) (χ 2 (1) = 2.04, P = 0.15) after exclusion of a subpopulation with a high MAF that was identified as outlying on principal components (PC) analysis. In AAs, there was no significant departure from HWEE, considering the large sample size (χ 2 (1) = 4.21, P = 0.04).
Analyses
Using all available longitudinal EHR AUDIT-C measurements, we calculated two AUDIT-C metrics: the ageadjusted mean AUDIT-C value and a four-level trajectory of AUDIT-C scores for each participant. As reported previously [8] , using the SAS version 9.2 procedure, TRAJ [20] , we estimated four-level longitudinal statistical trajectories of AUDIT-C (infrequent, lower risk, potentially high risk and consistently high risk), using age as the time-scale to account for decreasing alcohol use with age. The procedure calculates each participant's probability of belonging to each trajectory and assigns him or her to the trajectory with the highest probability of membership. Age was used as the time-scale, thus each individual could contribute only one AUDIT-C score for each age (i.e. year). Participants' modal AUDIT-C scores were used for each age at which they received the AUDIT-C assessment. The analysis used a zero-inflated Poisson model [20] . The median probability of membership calculated for all four groups was > 90%. Trajectory analysis allows for missing longitudinal data, thus no individuals or observations were excluded due to missingness.
The mean AUDIT-C was age-adjusted for comparison with the trajectories. To compute the age-adjusted mean AUDIT-C score, we used age 50 as the reference point and created weights to down-weight scores for individuals younger than 50 and up-weight scores for individuals older than 50. To create the weights, we first calculated the mean AUDIT-C score at each age (e.g. average score of all 22-year-olds, average score of all 23-year-olds). The mean score at age 50 was then divided by each age-specific mean to create the weights (e.g. mean at age 50/mean at age 22 = weight for age 22) . Then, the subject-specific AUDIT-C scores were multiplied by the appropriate weight (e.g. an AUDIT-C score for an individual at age 30 was multiplied by the corresponding weight for age 30). The weighted scores for a participant were summed and divided by the sum of the weights used for that participant to calculate the age-adjusted mean AUDIT-C score. The mean scores were rounded to the nearest whole from 0 to 12 and higher scores were collapsed due to their relatively small sample sizes. This resulted in an eight-level ordinal measure of age-adjusted mean AUDIT-C scores: 0, 1, 2, 3, 4, 5, 6 or 7 and 8+.
In subsequent analyses, we first considered covariance among the AUDIT-C metrics (mean and trajectory) and AUD diagnostic codes. We then evaluated the association of each of these measures (age-adjusted mean AUDIT-C, AUDIT-C trajectories and AUD diagnostic codes) with rs2066702 (in AAs) and rs1229984 (in EAs) using ordered logit models, in which the allele count, i.e. 0, 1 or 2 minor alleles, was used as the outcome variable and the phenotype as the predictor in regression analyses. Of note, this approach is opposite to convention in which the phenotype is the outcome. Our goal was to compare the association between several candidate phenotype variables with an established genotype, adjusting for covariates. We are modeling association, not causation. In this context, the role of dependent and independent variables is irrelevant. By modeling allele count as the outcome and candidate phenotypes as predictors adjusting for age, sex and 10 PCs we were able to compare independent associations more directly between the candidate phenotypes and the established AHD1B variants relevant to each ancestry in a standardized manner. We used different SNPs for EAs and AAs because populations often differ in the frequency of alleles at polymorphic sites and a polymorphism in a gene in one population may not be present or may be very uncommon in another population. Two different single nucleotide polymorphisms in ADH1B are present in EAs and AAs, and both are associated with alcohol dependence in the respective populations. However, the prevalence of the minor allele of each is too low in the opposite population (e.g. in AAs, rs1229984 has a minor allele frequency that is nearly zero) for analyses in the opposite populations to be meaningful. Ordered logit regression was modeled using the SAS version 9.2 procedure, GENMOD.
Analyses in both populations were adjusted for ancestry PCs, sex and age. To characterize the underlying genetic architecture of the samples using PCs, we first applied two filters to all markers: linkage disequilibrium pruning (using PLINK [20] option -indep, with threshold > 1%) and minor allele frequency (MAF) screening (MAF < 1%). We conducted PC analysis separately within the EAs and AAs using FlashPCA [21] . The first 10 PCs were used in all subsequent analyses to correct for residual population stratification.
RESULTS
AAs were younger than EAs (mean 58 versus 66 years; P < 0.001) and less likely to be male (87 versus 94%; P < 0.001) ( Table 1) . AAs were also more likely than EAs to have an age-adjusted mean AUDIT-C score below 2 (65 versus 55%; P < 0.001) and to be assigned to the lowest AUDIT-C trajectory characterized by infrequent drinking (38 versus 27%; P < 0.001). However, AAs were much more likely to receive an AUD diagnosis (31 versus 14%; P < 0.001). Among the 57 677 AAs, 19 793 (34.3%) had one or two minor alleles at rs2066702 (MAF) = 0.190). Among the 110 044 EAs, 6933 (6.3%) had one or two minor alleles at rs1229984 (MAF = 0.032). These minor allele frequencies are similar to those reported previously for AAs (0.19) [22] and EAs (0.03-0.06) [22] [23] [24] .
Association among candidate phenotypes
As expected, the longitudinal AUDIT-C metrics (age-adjusted mean AUDIT-C and AUDIT-C trajectories) were correlated highly (r = 0.90), which did not differ by population group. The proportion of individuals with an AUD increased monotonically with increasing mean AUDIT-C scores, although the correlation differed by population group (AAs: r = 0.38, EAs: r = 0.26; P < 0.001). Among individuals with a mean AUDIT-C score of 4 or higher, more than twice the percentage of AAs as EAs (73 versus 36%; P < 0.001) had an AUD diagnosis in the EHR (Fig. 1a) . Similarly, nearly twice the percentage of AAs as EAs assigned to the highest AUDIT-C trajectory had an AUD diagnostic code in the EHR (83 versus 44%; P < 0.001) (Fig. 1b) .
Association of candidate phenotypes with rs2066702 in African Americans
In unadjusted analyses in AAs, all three candidate phenotypes were associated with rs2066702 (χ 2 P-values all <10
À21
) (upper half of Table 2a , Fig. 2a-c) . In ordered logit models, adjusting for the first 10 PCs, sex and age, the association was strongest for age-adjusted mean AUDIT-C score, treated as an ordinal variable (Table 2a and Fig. 3a ). These findings indicate that the combination of ageadjusted mean AUDIT-C score and AUD diagnostic codes yields more information among AAs. Comparing AAs with an age-adjusted mean AUDIT-C of 8 to those with a score of 0, the adjusted odds of having the ADH1B minor allele was 0.59 [95% confidence interval CI) = 0.47, 0.75] (Table 2a,b) . Having an AUD reduced the odds independently by 0.86 (95% CI = 0.83, 0.90). Having both an AUDIT-C score of 8+ with an AUD diagnosis compared to an AUDIT-C of 0 and no AUD diagnosis would reduce the aOR of having the rs2066702 minor allele to 0.51 (data not otherwise shown).
Association of candidate phenotypes with rs1229984 in European Americans
In unadjusted analyses in EAs, all three candidate phenotypes were associated with rs1229984 (χ 2 P-values all < 10
À40
) (Table 2a ,b, Fig. 2 d-f) . In ordered logit models adjusted for the first 10 PCs, sex and age, the association was again strongest for age-adjusted mean AUDIT-C score, treated as an ordinal variable (P = 4.38 × 10
À49
). The addition of AUDIT-C trajectories to the age-adjusted mean AUDIT-C score model did not improve model fit significantly (both pseudo R 2 = 0.056, LRT = 6.08; d.f. = 3; score and AUD diagnostic codes can be combined to obtain more information about alcohol-related risk. Comparing EAs with an age-adjusted mean AUDIT-C of 8 to those with a score of 0, the adjusted odds of having the rs1229984 minor allele was 0.48 (95% CI = 0.31, 0.74) (Table 2a,b) . Having an AUD reduced the odds independently by 0.68 (95% CI = 0.62, 0.74). Having both an AUDIT-C score of 8+ and an AUD diagnosis compared to an AUDIT-C of 0 and no AUD diagnosis would reduce the aOR of the rs1229984 minor allele to 0.33 (data not otherwise shown).
DISCUSSION
In an analysis of longitudinal VA EHR data, we used the prevalence of the minor alleles of two functional SNPs in ADH1B-which have been shown in multiple studies to be associated with the risk of AUD [3, 8, 18] as a criterion to identify the best phenotype for harmful alcohol use. Because the VA EHR includes both longitudinal AUDIT-C scores and AUD codes, we compared age-adjusted mean AUDIT-C scores, AUDIT-C trajectories and AUD codes. We found that the association with the ADH1B SNPs was strongest for age-adjusted mean AUDIT-C score in both AAs and EAs. After adjustment for the age-adjusted mean AUDIT-C score, AUD diagnostic codes demonstrated a modest, independent association in both populations. These findings confirm our prior report of an association between longitudinal AUDIT-C scores recorded in the VA EHR and a protective ADH1B variant in AAs (rs2066702) [8] , and we extended this work in several ways. First, we demonstrated that longitudinal AUDIT-C metrics are also associated with a protective ADH1B variant in EAs (rs1229984). Secondly, in both populations, we showed that a computationally simpler longitudinal metric-age-adjusted mean AUDIT-C score-is associated more strongly with the ADH1B variants than AUDIT-C trajectories. This finding is due probably to the fact that drinking patterns are well established by middle age [23, 24] . Nonetheless, adjusting the mean AUDIT-C score for age is important, because drinking decreases after middle age [25] . In contrast, trajectories would probably perform better than age-adjusted means for behaviors that change non-linearly over time. Finally, by design, AUDIT-C metrics and AUD diagnostic codes measure different aspects of harmful alcohol use. AUDIT-C is a screening tool that uses a past-year time-frame while AUD diagnostic codes reflect established life-time diagnoses. Although longitudinal AUDIT-C scores showed more protective associations with ADH1B variants, AUD codes added independent information.
In both populations, the age-adjusted mean AUDIT-C scores (0 versus 8+) were associated more strongly with the absence of the ADH1B minor allele than were AUD Reference category: 0 or 1 minor alleles and 0 minor alleles. All models adjusted for top 10 principal components, age and sex. diagnostic codes: aOR = 0.59 versus 0.86 in AAs and 0.48 versus 0.68 in EAs. Because these effects were independent, combining an AUDIT-C score of 8+ with an AUD diagnosis compared to an AUDIT-C of 0 and no AUD yielded an aOR of 0.51 for AAs and 0.33 for EAs. When both AUDIT-C and AUD data are available, determining whether the added complexity of using both measures is justified will depend on the intended application.
Our work substantially extends the current literature on behavioral phenotypes extracted from EHR data for use in GWAS and other genetic studies. The most common approach to defining a harmful alcohol use phenotype has been the diagnosis of AUD based on the Diagnostic and Statistical Manual of Mental Disorders (DSM). Although DSM diagnoses of AUD have clinical utility, they are time-consuming and costly to obtain, which limits their availability for large-scale genetic studies. The use of the ICD administrative codes as a proxy for clinical diagnosis is common for many medical conditions [12] , but ICD codes are insensitive and nonspecific measures of complex behaviors such as harmful alcohol use [4, 26] . Importantly, our results suggest that these codes are applied differentially by race, with EAs being substantially less likely to have the code applied than AAs (despite AAs, until recently, having a lower frequency of AUD in the general population) [25] . These limitations may explain why longitudinal AUDIT-C metrics were associated more strongly with the ADH1B variants than were diagnostic codes, and the inclusion of the latter improved the association only modestly. The large size of our sample made it possible to demonstrate these effects in both populations.
The utility of longitudinal, repeated AUDIT-C scores as a phenotype for harmful alcohol use may depend upon the type of EHR data employed, the length of the observation period and the statistical approach. In a prior publication, we demonstrated that a single AUDIT-C value did not have as strong a protective association with the ADH1B variants as did repeated longitudinal AUDIT-C measures incorporated into trajectories [8] . This was true even when the highest AUDIT-C value was selected. In this study, our sample had an average of seven annual AUDIT-C measurements. It provided evidence that a highly generalizable phenotype based on quantity-frequency data is valid. Because we age-adjusted the mean AUDIT-C, our finding could be reproduced directly in other samples with differing age distributions. Because the replication of genetic associations using independent data is an essential component of genetic discovery, having a simple, highly discriminating and generalizable phenotype is a major advance for such studies.
Our study has some limitations. First, harmful drinking is a complex trait that is probably influenced by multiple genetic variants reflecting multiple mechanisms. We have shown that the age-adjusted mean AUDIT-C score is associated more strongly with variation in ADH1B than the other phenotypes evaluated. However, it is an empirical question as to whether this phenotype would yield an advantage in detecting other genetic variants that could contribute to risk of harmful drinking via other (e.g. pharmacodynamic) mechanisms. We are in the process of examining the utility of the age-adjusted mean AUDIT-C score as an ordinal trait in a GWAS using the MVP sample. Secondly, because the VA EHR includes only the first three items of the AUDIT (AUDIT-C), we were not able to compare it against the full AUDIT. Thirdly, the MVP sample is predominantly male, more than 50 years of age, and in health care. Our study may not generalize well to women or younger adults. Of note, older male veterans do not drink more than age-and sex-matched comparators. According to the National Surveys on Drug Use and Health 2002-2012, self-reported heavy episodic drinking and AUD did not differ by veteran versus civilian status among men aged 50-64 years and 65 and over in the community Figure 3 (a) Proportion of African American (AAs) sample with minor allele at rs2066702 by age-adjusted mean Alcohol Use Disorders Identification Test-Consumption (AUDIT-C) score and AUD codes (n = 57 677). (b) Proportion of European Americans (EAs) with minor allele at rs1229984 by age-adjusted mean AUDIT-C score and AUD codes (n = 110 044) [27] . Both veterans and civilians receiving health care are more likely to endorse harmful drinking [28] . Our EHR AUDIT-C data on middle-aged and older men are likely to be similar to other EHR data on this population. Thus, our findings probably generalize to middle-aged and older men in health care.
SUMMARY AND CONCLUSIONS
The age-adjusted mean AUDIT-C score was associated more strongly with genetic polymorphisms of known risk for AUD than were trajectories of AUDIT-C or AUD diagnostic codes. Both our recent publication [8] from the Veterans Aging Cohort Study sample and the findings from the current study in the MVP sample show that it is feasible to use EHR data to derive a phenotype for harmful alcohol use that has considerable potential utility for gene discovery.
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